Abstract Unstructured categories are those in which the stimuli are assigned to each contrasting category randomly, and thus there is no rule-or similarity-based strategy for determining category membership. Intuition suggests that unstructured categories are likely to be learned via explicit memorization that is under the control of declarative memory. In contrast to this prediction, neuroimaging studies of unstructured-category learning have reported task-related activation in the striatum, but typically not in the hippocampusresults that seem more consistent with procedural learning than with a declarative-memory strategy. This article reports the first known behavioral test of whether unstructured-category learning is mediated by explicit strategies or by procedural learning. Our results suggest that the feedback-based learning of unstructured categories is mediated by procedural memory.
Unstructured categories are those in which the stimuli are assigned to each contrasting category randomly, and thus there is no rule-or similarity-based strategy for determining category membership. An everyday example would be one's personal numbers (e.g., social security number, phone number, locker combination, etc.). Intuition suggests that explicit memorization must be required to learn unstructured categories (Ashby & O'Brien, 2005) , but with feedbackbased training there are some fundamental differences between unstructured-category learning and typical examples of explicit memorization. In standard memorization paradigms, participants are presented with a list of items to memorize. They then study this list until confident that it can be repeated by rote. In unstructured-category learning, the items to be learned are stimulus-category label pairs, and these pairs are not explicitly presented. Rather, they must be inferred from trial-by-trial feedback. Thus, the role of explicit memorization in unstructured-category learning may not be as obvious as it first appears.
The first studies relevant to this issue examined unstructured-category learning using fMRI. The results indicated task-related activity in the striatum, but typically not in the hippocampus or other medial temporal lobe structures Seger & Cincotta, 2005; Seger, Peterson, Cincotta, LopezPaniagua, & Anderson, 2010) . This pattern of results is consistent with procedural learning, and opposite what one would expect if unstructured-category learning was mediated by explicit memorization (e.g., Papanicolaou et al., 2002; Poldrack et al., 2001) . For several reasons, however, these results by themselves cannot be considered diagnostic. First, striatal activation is reported in many different tasks, and second, medial temporal lobe activation is occasionally reported during unstructured-category learning (Seger, Dennison, Lopez-Paniagua, Peterson, & Roark, 2011) and during other similar tasks, such as the learning of arbitrary stimulus-response associations 1 (Law et al., 2005) . This article reports the first known behavioral test of whether unstructured-category learning is mediated by explicit strategies or by procedural learning.
Procedural memories are the memories of skills that are learned through practice (Willingham, 1998) . Traditionally, these have been motor skills, such as those used in athletics or in the playing of a musical instrument, but the evidence is now good that certain types of cognitive skills are also learned procedurally. Included in this list are sequences of button presses, such as those learned in the serial reaction time task (Nissen & Bullemer, 1987) , and informationintegration categorization (Ashby, Ell, & Waldron, 2003; Maddox, Bohil, & Ing, 2004 ). In the latter task, accuracy is maximized only if information from two or more noncommensurable stimulus dimensions is integrated at some predecisional stage. Typically, the optimal strategy in such tasks is difficult or impossible to describe verbally (Ashby, Alfonso-Reese, Turken, & Waldron, 1998) .
Several signatures of procedural learning make it qualitatively different from learning that is mediated by declarative memory. First, there typically is little conscious recollection, or even awareness, of the details of procedural memories. Second, procedural learning is slow and incremental, and it requires immediate and consistent feedback 2 (Willingham, 1998) . Third, procedural learning includes a motor component (e.g., Willingham, Nissen, & Bullemer, 1989) . For example, the learning in information-integration tasks is of response positions, 3 not of abstract category labels. This has been demonstrated in a number of studies showing that switching the locations of the response keys after learning impairs information-integration categorization, but not a form of category learning (i.e., rule-based) that depends on declarative memory (Ashby et al., 2003; Maddox et al., 2004; Maddox, Glass, O'Brien, Filoteo, & Ashby, 2010; Spiering & Ashby, 2008) . Similar results have been reported for the serial reaction time task (Willingham, Wells, Farrell, & Stemwedel, 2000) .
In this article, we will consider response position learning as a signature of procedural learning. Specifically, after training participants in an unstructured-categorization task, we switched the locations of the response keys (which we will henceforth refer to as a button switch). If unstructured-category learning is mediated by explicit memorization, then previous research suggests that no button-switch interference would occur. However, if unstructured categories are learned procedurally, then switching the response keys should interfere with categorization performance. As a control, we replicated this experiment with rule-based categories that used similar stimuli. In rule-based tasks, the categories can be learned via an explicit hypothesis-testing procedure. In most cases, the rule that maximizes accuracy is easy to describe verbally (Ashby et al., 1998) . In the present case, only one stimulus dimension was relevant, and the participant's task was to discover this dimension and then to map the different dimensional values to the relevant categories. Considerable evidence has suggested that rule-based category learning recruits declarative memory (e.g., working memory; see Ashby & Maddox, 2005 , for a review), and as we mentioned above, several studies have shown that switching the response keys after learning does not interfere with rule-based categorization.
Although our main goal was to examine how unstructured categories are learned, a secondary goal was to examine more closely how the use of probabilistic category assignments affects the nature of category learning. A widely held view is that making category assignments probabilistic increases the likelihood of procedural-learning strategies (Knowlton, Squire, & Gluck, 1994; Knowlton, Mangels, & Squire, 1996) . In contrast to this prediction, Ell and Ashby (2006) reported that the use of probabilistic category assignments in a rule-based task had no effect on the tendency of participants to use strategies (e.g., onedimensional) that appeared to be explicit. Even so, Ell and Ashby's results could not rule out the hypothesis that in the probabilistic conditions, the explicit-appearing strategies had actually been learned procedurally.
This article describes the results of an experiment designed to test whether unstructured-category learning recruits declarative or procedural memory and whether the use of probabilistic category assignments increases the likelihood of procedural learning. To address these questions, we used a 2 × 2 factorial design, in which two levels of category structure (unstructured vs. rule-based) were crossed with two levels of category assignment (deterministic vs. probabilistic). All conditions used essentially the same two-category stimuli as in Seger and Cincotta (2005) and immediate trial-by-trial feedback.
Method

Participants
We ran 32 participants in the unstructured-probabilistic condition, 20 participants in the unstructured-deterministic condition, 27 participants in the rule-deterministic condition, and 40 participants in the rule-probabilistic condition. All of the participants were undergraduates at the University of California at Santa Barbara with normal or corrected-to-normal vision and were given course credit for their participation.
Procedure
All conditions included one 50-min session consisting of eight blocks of 100 trials each. On each trial, the participant was presented with a fixation cross for 500 ms, followed by a response-terminated stimulus. Immediate auditory feedback was given after each response, with a 730-ms, 500-Hz pure tone indicating a correct response and a 1,220-ms, 200-Hz tone indicating an incorrect response. On every trial in which the participant emitted a valid response, a 1.5-s intertrial interval followed the stimulus. If the participant took more than 5 s to respond, he or she was told that the response was too slow, and the trial was discarded. Participants had the option to take a short break at the end of each block of trials.
Instructions
As in Seger and Cincotta (2005) , the participants were given a weather prediction cover story. Specifically, they were told that they were to be presented with a series of line patterns, each one predicting either rain or sun, and that they were to give their responses using one of two designated keys on a keyboard. They were instructed to press the left key (i.e., the "d") with their left hand and the right key (i.e., the "k") with their right hand. The participants in the two probabilistic conditions were told that the stimuli predicted either rain or sun with reasonable accuracy, but that sometimes the predictions would be wrong. The participants in the two deterministic conditions were told that the stimuli predicted either rain or sun with perfect accuracy. Participants were also notified that there would be a "change" in the experiment near its conclusion, and that they would be given instructions at the appropriate time. The transition between Blocks 7 and 8 was marked with the following message being displayed on the screen: "In the following blocks the two buttons with which you respond have been switched. For every figure to which you responded with 'd' you must now respond to with 'k,' and vice versa. Good luck!" Stimuli For the unstructured-probabilistic condition, we used eight stimuli that were identical to those used by Seger and Cincotta (2005) . Specifically, each stimulus was created from five line segments of equal length, including two vertical lines, two lines 15°below horizontal, and one line 45°from vertical. Every stimulus contained these same five line segments at the same angles but differed from the other stimuli in how the lines were positioned relative to each other. All eight of these stimuli are illustrated in Fig. 1 .
For the unstructured-deterministic condition, we added eight additional line patterns to the eight used in the unstructured-probabilistic condition because with only eight stimuli, the deterministic feedback made the task too easy. The line patterns used in the rule-deterministic and ruleprobabilistic conditions were infused with rule-based structure by coloring one of the lines red and allowing its angle to vary from horizontal to 80°across stimuli. The angle of this line determined the category membership. Two other line segments were colored blue so that discovery of the relevant dimension was not too easy. The exact algorithm used to generate these stimuli is given in the Appendix, and four example stimuli from these conditions are illustrated in Fig. 2 .
Category label assignment
In the unstructured-probabilistic condition, each stimulus was randomly assigned to either the category "rain" or the Fig. 1 The eight stimuli used in the unstructured-probabilistic condition category "sun," with varying probabilities. Two of the stimuli were given deterministic category assignments; two were assigned to one category 90 % of the time and to the other category 10 % of the time; two were assigned to one category 80 % of the time and to the other category 20 % of the time; and two of the stimuli were assigned to each category 50 % of the time. The assignment of stimuli to categories was randomized for each participant, as was the order of stimulus presentation. These category assignments are exactly as in Seger and Cincotta (2005) , although note that our unstructured-probabilistic condition was the union of Seger and Cincotta's probabilistic, deterministic, and random conditions.
In the rule-probabilistic condition, the 800 stimuli were placed into eight bins of roughly 100 stimuli each, depending on the angle of the red line. The stimuli in each bin were assigned to the categories (rain, sun) with the following probabilities: Bin 1 (0°-10°angle), (1, 0); Bin 2 (11°-20°), (.9, .1); Bin 3 (21°-30°), (.8, .2); Bins 4 (31°-40°) and 5 (41°-50°), (.5, .5); Bin 6 (51°-60°), (.2, .8); Bin 7 (61°-70°), (.1, .9); and Bin 8 (71°-80°), (0, 1).
All stimuli in the unstructured-deterministic and ruledeterministic conditions were associated with a given category 100 % of the time. In the rule-deterministic condition, stimuli with a red line sloping more than 40°above horizontal were assigned to the category "rain," and those with a red line sloping less than 40°from horizontal were assigned to the category "sun."
Results
Exclusion criteria
Button-switch interference, if it exists, can only develop as a result of learning. By definition, a participant who learns nothing during training could not show any effect of a button switch (any interference must interfere with something). Thus, it was important to exclude from the data analysis all participants who failed to learn during training. Unfortunately, of course, the levels of learning of our participants were not binary (i.e., either no learning or perfect learning). As a result, any exclusion criterion based on accuracy was arbitrary. For this reason, we repeated all analyses for four different exclusion criteria. In particular, we excluded participants who did not reach at least 65 %, 60 %, 55 %, or 50 % correct during the last training block (i.e., Block 7). The qualitative conclusions of all four sets of these analyses were identical. The results from each analysis are summarized below (in Table 1 ), but to avoid redundancy, the Results section focuses on the data produced according to the most conservative of these criteria (i.e., excluding all participants who did not reach at least 65 % correct during the final training block). This criterion excluded 11 participants from the rule-deterministic condition, 23 from the rule-probabilistic condition, five from the unstructureddeterministic condition, and 21 from the unstructuredprobabilistic condition. Figure 3 shows the mean accuracy across participants (excluding those who failed to reach at least 65 % correct during the final training block) for every 100-trial block in each of the four experimental conditions. Recall that Blocks 1-7 were training blocks, whereas the location of the response keys was switched in Block 8. Note that in all conditions, accuracy consistently improved during training and then dropped at least a bit in Block 8 (when the buttons were switched). To investigate the effects of the button switch more closely, we computed mean accuracy and response time (RT) differences between Blocks 7 and 8. Specifically, Fig. 4 shows performance in Block 8 minus the performance in Block 7, so a button-switch deficit is signaled by a positive difference in RTs (i.e., an RT slowing when the buttons are switched) and a negative difference in accuracy (i.e., lower accuracy following the button switch). Note that in both unstructured conditions, the button switch caused accuracy to decrease and RTs to increase, both of which suggest a deficit. In contrast, accuracy dropped slightly in both rule-based conditions, but RTs actually improved. Thus, the performance changes in the rule-based conditions Fig. 2 Example stimuli from the rule-based categories. The exemplars in the top row are in the category "rain," whereas the exemplars in the bottom row are in the category "sun." Solid black lines were presented in black, gray lines were presented in blue, and the broken black lines were presented in red are more consistent with a speed-accuracy trade-off than with a performance deficit.
Accuracy-based results
To test these observations formally, we performed several statistical tests on the accuracy data. First, we performed a 2 (category structure)×2 (feedback type)×7 (training blocks) mixed-design repeated measures ANOVA. We found significant main effects of block [F(6, 276) 0 82.08, p < .001], suggesting overall learning with practice, and of feedback type [F(1, 46) 0 7.10, p < .05], which was driven by the better performance with deterministic feedback, relative to probabilistic feedback. The main effect of category structure was not significant [F(1, 46) 0 0.0, p 0 .968], suggesting no overall difficulty difference between the unstructured and rule-based categories. We also found a significant two-way interaction between block and feedback type [F(6, 276) 0 6.08, p < .001] that was driven by the faster learning rate with deterministic feedback than with probabilistic feedback. The interaction between category structure and feedback type was also significant [F(1, 46) 0 7.22, p < .01], indicating that deterministic feedback helped unstructured-category learning more than rule-based learning. The block by category structure interaction was not significant [F(6, 276) 0 1.31, p 0 .25], further confirming that there was no difficulty difference between the rule-based and unstructured categories. Finally, we found a significant three-way interaction among block, category structure, and feedback type [F(6, 276) 0 3.14, p < .01].
To test more precisely whether performance changed when the buttons switched locations, we computed several repeated measures t tests (one per condition) 4 on the accuracy and RT difference scores between Blocks 7 (last training block) and 8 (transfer block). These t tests revealed that the accuracy drop during the button switch was significant in both the unstructured-probabilistic [t(10) 0 -3.50, p < .01, d 0 1.05] and the unstructured-deterministic [t(14) 0 -4.39, p < .001, d 0 1.13] conditions. In contrast, the accuracy change when the buttons switched was not significant in the rule-deterministic [t (14) Fig. 3 Mean accuracy in each block of 100 trials across all conditions (excluding participants who did not reach at least 65 % correct by the end of Block 7). Blocks 1-7 were trained with a consistent category label-response key mapping, and these mappings were reversed in Block 8. Error bars represent SEMs
To verify that these results were not due to the arbitrary exclusion criterion that we adopted, we repeated all of the t tests reported here for three other exclusion criteria. The results of these tests are summarized in Table 1 , in which the shaded cells indicate significant button-switch impairments. Note that both unstructured conditions exhibit significant impairments under all exclusion criteria, and that neither rule-based condition ever exhibits any significant impairment. Thus, this qualitative feature of our results was invariant over all exclusion criteria.
Finally, we investigated whether the magnitude of the button-switch interference in the unstructured-probabilistic condition varied across the different stimuli. First, before the button switch, accuracy was highest on the two deterministic stimuli and degraded ordinally as category membership became increasingly random [these differences were significant in a one-way, mixed-design repeated measures ANOVA: F(3, 62) 0 81.2, p < .001]. In fact, the confidence intervals for the mean accuracies of the various stimuli did not even overlap [deterministic labels, (.841 -.916); probabilistic labels 90/10, (.711 -.786); probabilistic labels 80/20, (.608 -.682); probabilistic labels 50/50, (.462 -.537)]. Second, after the button switch, all accuracy differences among the unstructuredprobabilistic stimuli disappeared [F(3, 83) 0 0.15, p 0 .9]. Thus, in the unstructured-probabilistic condition, the button switch caused participants to respond to all stimuli in a similar manner.
Discussion
Our results suggest that with unstructured categories, switching the locations of the response buttons causes significant interference in accuracy and either no change or an increase in RTs, whereas with rule-based categories the same button switch causes neither an accuracy drop nor an RT increase. Note that these results did not depend on whether the category assignments were deterministic or probabilistic. Since previous research had suggested that button-switch interference is diagnostic of procedural learning, our results suggest that unstructured categories are learned procedurally. In contrast, making category assignments probabilistic did not seem to change how they were learned. In particular, probabilistic rule-based categories did not show button-switch interference, and thus did not appear to recruit procedural learning.
Note that these results were not driven by task difficultythat is, it was not the case that the button switch only interfered with categorization in the more difficult conditions. An inspection of Fig. 3 clearly shows that the two conditions that showed button-switch interference (i.e., the two unstructured conditions) were at opposite ends of the task difficulty spectrum. Thus, switching the locations of the response keys interfered with the easiest and the most difficult categorization tasks. This implies that our results cannot be accounted for merely by task difficulty.
Our results are consistent with the neuroimaging data of Seger and her colleagues Seger & Cincotta, 2005; Seger et al., 2010) , because they have reported significant task-related activity in the striatum Fig. 4 (Top) Mean accuracy differences between Block 8 (post-button-switch) and Block 7 (pre-button-switch). Note that these figures exclude participants who did not reach at least 65 % correct by the end of Block 7. (Bottom) Mean RT differences between Block 8 (postbutton-switch) and Block 7 (pre-button-switch). Note that negative accuracy difference scores and positive RT difference scores indicate a performance decrement. Error bars represent 95 % confidence intervals but not the hippocampus in a category-learning task that used our unstructured-probabilistic categories, and many previous data have implicated the striatum in procedural learning. On the other hand, our results do not seem consistent with intuitive notions that unstructured categories must require explicit memorization for learning to be successful. One post hoc, and rather speculative resolution of this apparent paradox is that episodic memory surely mediates the participant's conscious recollection of specific stimuli that were shown during the experimental session, but that this type of memory might not be ideally suited for using trial-by-trial feedback to associate a categorization response with each stimulus. Instead, feedbackbased trial-and-error learning is a hallmark of striatalmediated procedural learning.
The striatum is well suited for feedback-mediated trialand-error learning, because the evidence is good that synaptic plasticity at cortical-striatal synapses follows reinforcement learning rules (e.g., Reynolds & Wickens, 2002) -that is, synapses that were active immediately before positive feedback are strengthened, and synapses that were active immediately before negative feedback are weakened. In contrast, in the hippocampus, a number of theories have proposed that learning follows Hebbian learning rules (e.g., Wallenstein, Eichenbaum, & Hasselmo, 1998) . In other words, all active synapses are strengthened, regardless of the feedback.
5 Thus, according to this hypothesis, if the category assignments must be inferred from the feedback, as in our experiment, then Hebbian learning would strengthen the incorrect associations that occur on the inevitable error trials as much as it strengthens the correct associations, thereby greatly impairing category learning.
On the other hand, Hebbian learning could mediate category learning if there were no errors-if, for example, the categories were learned via rote rehearsal. This might have been possible with our unstructured categories if we had presented the correct category label alongside each stimulus during training. Participants could then cycle through this list until the stimulus-label pairs were learned. An intriguing prediction is that under these training conditions, the learning would be mediated by explicit memorization, and therefore would not be susceptible to button-switch interference. Note, however, that probabilistic category assignments could defeat this type of memorization strategy, because how can one memorize associations that keep changing? Thus, under some conditions, probabilistic category assignments might reduce the likelihood that participants use declarative memory strategies. Obviously, more work is needed to investigate these interesting questions.
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Appendix: Rule-based stimulus generation
The rule-based line patterns were composed of one red line that varied in slope from horizontal to 80°counterclockwise from horizontal (Line 1), two black vertical lines (Lines 2 and 3), and two blue lines sloped 15°below horizontal (Lines 4 and 5). The following algorithm was used to generate these stimuli:
1. The orientation of Line 1 was chosen randomly (from a uniform [0, 80] distribution). The position of Line 1 was centered on the screen. 2. Points on Lines 1 and 4 were randomly selected as the site of their intersection. 3. Points on Lines 1 and 5 were randomly selected as the site of their intersection. 4. Points on Lines 2 and 4 were randomly selected as the site of their intersection. 5. Points on Lines 3 and 5 were randomly selected as the site of their intersection.
